Abstract: This article exemplarily summarizes the steps necessary for application of a brain controlled neuroprosthesis in one spinal cord injured end-user. After screening an extensive training has to be performed until the final use of a neuroprosthesis based on functional electrical stimulation (FES) and controlled by a motor imagery (MI) brain-computer interface (BCI) is possible. The end-user maintained a very high BCI performance over a period of more than one year and successfully managed to control synchronous and asynchronous BCI applications.
Introduction
A spinal cord injury (SCI) above the neurological level of C5 leads to a loss of motor and sensory functions in the lower and upper extremities. Tetraplegic patients are normally wheelchair bound and no longer able to perform grasping or even elbow or shoulder movements. To compensate this motor impairment, end-users can be provided with neuroprostheses based on functional electrical stimulation (FES). These neuroprostheses induce contractions of innervated muscles by applying short current pulses via surface electrodes placed near dedicated motor points. The FES-generated movement patterns can be modulated by any kind of control signal originating from unaffected parts of the body. This signal can be obtained e.g. from a shoulder position sensor but also from a brain-computer interface (BCI) which translates thoughts-e.g., motor imagery (MI)-into commands by evaluating brain activity directly at its origin [1] . Control signals from different sources can be merged in a hybrid BCI [2] . Here, we introduce two control techniques tested in one end-user with SCI. First, a combination of a shoulder position sensor for analog control of the grasp and a BCI for switching between grasp patterns. Second, a neuroprosthesis for restoration of hand and elbow movements with BCI as the sole control signal. The aim of this article is to present the steps from the first screening until the final successful control of BCI applications together with evaluation results.
Methods
End-user: the 31 years old male end-user is diagnosed with a motor and sensory complete lesion (ASIA Impairment Scale A) at the level of C5 caused by an accident in 2010. He is not able to move his hand/fingers but has residual muscle control of his shoulder and partly the elbow. His range of motion of hand and finger joint is not restricted. All hand and finger muscles are paralyzed but innervated. Data recording and processing: initially, in June 2011, EEG was recorded with 15 electrodes placed on the head to have Laplacian and/or bipolar derivations around the motor cortex. Signals were acquired with a g.USBamp (Guger Technologies, Austria) with a sample rate of 512 Hz and filtered between 0.5 and 100 Hz with a notch filter at 50 Hz. Later, different electrode layouts were used as well, mostly consisting of nine electrodes at positions C3, Cz, and C4 and anterior and posterior. Data were analyzed for significant changes in band power in certain frequency bands, depending on the type of mental strategy. This was realized by plotting event-related desynchronisation/synchronisation (ERD/ERS) maps [3] between 5-40 Hz which show relative changes in band power in different frequency bands during MI for the three relevant channels C3, Cz, and C4. The most promising frequency bands of the best channels for the mental tasks with the best distinguishable patterns were selected manually as features to generate LDA (linear discriminant analysis) classifiers for later online use. In a 10×10 cross-validation process the best point in time for classification was found and used to set up the final classifier. Data of online sessions were also analyzed with ERD/ERS maps. Additionally, performance was evaluated via classification accuracy, speed, or number of false positives/min. Training: the end-user started training with a BCI based on motor imagery (MI), i.e., the imagination of movements of hands or feet. Thereby generated brain patterns, in this case ERD, were intended to be found in a first screening session performed with the standard Graz-BCI paradigm [1] . The goal was to find limbs for which imagination of movements produced distinct patterns and then to proceed online with this mental strategy. In addition to BCI training, we also started with FES-assisted muscle training to achieve a fatigue resistance in both arms sufficient to control a grasp neuroprosthesis. Online BCI sessions: training was continued by applying the LDA classifier online to control a liquid-cursor feedback to reach cue-paced tasks in a two-class BCI. In fact, the end-user performed offline training only once at the beginning and once after one year after the start of training. Online training was performed in eight sessions, classifying left hand versus feet MI. After offline and online training, two neuroprosthesis applications were controlled by the end-user. In the first one he could choose between a lateral grasp or a palmar grasp pattern with a BCI and open/close his hand continuously with a shoulder position sensor. Individual stimulation profiles and electrode positions were used to realize both grasp patterns [4] . In this experiment he was asked to move objects with the dedicated grasp type in a limited time period and switch between the grasps when necessary. In the second BCI application he controlled a neuroprosthesis for hand and elbow functions solely with BCI [5] . In both applications he used time-coded MI, the best active class (feet MI) versus a rest condition. Depending on the length of the performed imagination, either different switches were triggered, or commands were executed as long as the command was active. He had to perform ten predefined sequences, consisting of short commands to open/close the hand and long commands to move the arm upwards or downwards continuously.
Results Fig. 1 shows ERD/ERS maps after the first screening (S1) and after the second offline training session (S2) one year later. The pattern on Cz in the beta frequency range did not change and was used constantly in all online sessions, including the two BCI-driven neuroprosthesis applications. (from left to right). In S2 Right hand MI was replaced by a Rest condition to set up a classifier for discriminating an active versus a rest class.
On average he achieved 82.7±7.9 % classification accuracy for the eight online BCI training sessions. He could control the first BCI application and moved 215 objects within 24 min and switched between grasp types in 16.9±12.2 s.
In the hand/elbow neuroprosthesis he performed second best among nine healthy subjects [5] : the true positive rate (correct use of short or long commands) was 73.7 % and he could successfully perform 8 out of 10 sequences. During active control he managed to trigger 6.9 commands/min, as opposed to only 2 commands/min during resting periods.
Discussion
This work shows that several prerequisites must be fulfilled for a successful use of non-invasive BCI-controlled neuroprostheses. The end-user needs to be compliant to FES training, has to be able to generate distinct ERD patterns and has to be able to voluntarily activate these patterns in an MI-BCI. Our end-user fulfilled all of them which seems not always to be the case [6] . He was able to control the grasp neuroprosthesis for functional tasks and in everyday life settings. He is not in need of an elbow neuroprosthesis but he successfully showed that such a form of control, solely based on BCI, is feasible in end-users with impaired elbow and shoulder functions. Therefore, controlling a neuroprosthesis with BCI based on MI seems to be a promising way for restoration of the upper extremity function in selected end-users.
